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RL agents mess up sometimes, and operators want to 
investigate why. XRL methods explain a single action 
at a specific point in time; we propose developing 
XRL methods that explain recurring patterns of actions 
specified by the operator.

We adapt a definition for behavior from the 
evolutionary-computation literature, originating with 
Lehman and Stanley [1]:

Definition 1 (Behavior measure). Given an MDP, a behavior 

measure is any function 𝑚 from a policy 𝜋 to a scalar:

𝑚 : Π → ℝ

A larger value of 𝑚(𝜋) indicates that 𝜋 exhibits the 

represented behavior more strongly.

Examples of behavior measures in different domains:

Domain Behavior Metric

IPD Reciprocity 𝑚(𝜋) ≔ 𝔼𝑜∼𝐷[𝜋𝜃(𝑎
opp
𝑡−1 | 𝑜)]

Driving Tailgating 𝑚(𝜋) ≔ 𝔼𝑜∼𝐷close [1 − 𝜋𝜃(slower | 𝑜)]

LLMs Sycophancy 𝑚(𝜋) ≔ 𝔼𝑥∼𝐷[𝜋𝜃(“And honestly— That's growth ✨” | 𝑥)]

Robotics Jerkiness 𝑚(𝜋) ≔ 𝔼(𝑜,𝑜′)∼𝐷consec[‖𝜇𝜃(𝑜′) − 𝜇𝜃(𝑜)‖
2]

Trading Risk appetite 𝑚(𝜋) ≔ 𝔼𝑜∼𝐷[|𝜇𝜃(𝑜)|]

Recommenders Popularity bias 𝑚(𝜋) ≔ 𝔼𝑜∼𝐷[∑𝑖∈ top-𝑘 𝜋𝜃(𝑖 | 𝑜)]

Table 1. Examples of expressing behaviors in different domains as a measure 𝑚(𝜋). 𝐷 is a fixed observation distribution, 

independent of 𝜃, ensuring the full computation from 𝜃 to 𝑚(𝜋𝜃) is end-to-end differentiable. Subscripted variants (𝐷close, 𝐷consec) 

restrict 𝐷 to scoped situations. Practitioners may draw observations from rollouts of a reference policy, a replay buffer, or construct 

them synthetically.

No XRL method currently allows users to define a 
behavior and receive an explanation for it; no XRL 
survey defines an expression for behavior. We provide 
a cross-taxonomy of explanation targets across XRL:

Explanation 

target
Example question Vouros [2] Milani et al. [3]

Saulières et 

al. [4]

# papers,

exemplars

Action

“In episode 137, timestep 82, 

why did the agent choose 

action 𝑎?”

Outcome
Feature Importance: 

Directly Generate 

Explanations

Action 105 [5, 6]

Trajectory

“In episode 137, which 

timesteps were critical for the 

outcome?”

— — Sequence 11 [7, 8]

Policy
“What is the agent’s general 

decision-making process?”
Policy

Feature Importance: 

Interpretable Policies, 

Policy-Level

Policy 192 [9, 10]

Objective

“What is the agent 

optimizing? What are its 

goals?”

Objectives — — 3 [11, 12]

Learning

“Why did the policy 

gradually evolve to be the 

way that it is?”

—
Learning Process and 

MDP
— 17 [13, 14]

Table 2. A cross-taxonomy of XRL methods according to their explanation targets. The teal cells indicate the corresponding 

categories in three surveys.

We show how three existing explainability methods 
[15, 16, 17] may be adapted for BXRL. We provide an 
implementation of the highway-v0 driving environment 
[18] in JAX with a TUI that allows defining and 
measuring behaviors, seen below. We define an 
example behavior that’s correlated with collisions, and 
call for the XRL community to develop methods that 
target this behavior.

Paper: r.rachum.com/bxrl-pdf 

Code: github.com/HumanCompatibleAI/HighJax 
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